We propose an integrated modeling, prediction, and analysis framework for the parametric study of the cathode catalyst layer (CCL) of PEM fuel cells. A parametric study is performed on a macro-homogeneous film model of the CCL. An artificial neural network (ANN) is then used in order to model and predict the effect of various structural parameters on the activation overpotential of the CCL. The application of the ANN approach is an asset to deal with the complexity of this problem and leads to considerably save the computational time and cost and to remove undesired computational errors. The proposed computational approach shows that an increase in the platinum mass loading causes a decrease in the activation overpotential or equivalently an increase in the CCL performance. The main effects of increasing the carbon mass loading, gas diffusion layer (GDL) volume fraction in the CCL, and CCL thickness are that the activation overpotential is going up. GDL porosity has almost no effect on the CCL performance while the CCL performance has a quadratic behavior with respect to the membrane volume fraction in the CCL. Further investigation is done in order to quantify these effects as well as the combined effects of these parameters.
Introduction
Since past two decades, a lot of research and development activities have been done to commercialize the PEM fuel cell as a potential power source for portable electronic devices, automotive systems, and power plant applications. Compared with the conventional battery systems, the advantages of PEM fuel cells are high operating efficiency, near-zero greenhouse emissions, use of renewable fuels, reliable operation, and nearly instantaneous rechargeable capabilities. However, several design and operation-related problems need to be solved before the commercialization of such systems. These issues can be addressed through an optimization problem for a PEM fuel cell with the aim of maximizing its power density and minimizing its cost for a given durability. Solving this problem requires repeated experiments, which could be expensive and time consuming since there are numerous parameters in the system. With a plethora of parameters to be optimized and conditions to be satisfied, theoretical modeling of PEM fuel cells plays a pivotal role in achieving the ideal conditions of such systems.
More specifically, numerical modeling and optimization of the catalyst layers of PEM fuel cells remain one of the most challenging problems in PEM fuel cells research due to the complex coupling of transport and reaction of chemical species (i.e., hydrogen, oxygen, and water) and charged particles (i.e., electrons and ions) occurring in the complex composite porous structure. Because of the complexities of modeling such layers, several macroscopic catalyst layer models have emerged in the literature in the last decade with varying degrees of resolution and detailed representation or parameterization of the complex physico-electro-chemical processes. 1) Such models can generally be categorized as follows: Interface models, pseudo-homogeneous film models (Also known as macro-homogeneous film models), and agglomerate models. A detailed information regarding these models can be found in the review article written by Weber and Newman. 2) To our knowledge, most of catalyst layer models are limited to study the effects of a few parameters on the catalyst layer performance and in principle are valid for a narrow range of operation conditions. A good example has been shown in our previous work in which only structural effects of the cathode catalyst layer (CCL) on the performance of a PEM fuel cell was investigated.
3) As a consequence, the obtained results using these models lead to a uncertainty in model predictions for real PEM fuel cell applications. The reason for such limitation in modeling catalyst layers of PEM fuel cells is that the rigorous catalyst layer models are multidimensional and complicated due to multiphysical phenomena occurring in these layers. In this paper, an effective computational approach is suggested to deal with the complexity of these models. The proposed approach is based on the artificial neural network (ANN) along with the statistical methods.
As inspired by the performance of the brain and nervous systems in biological organisms, an ANN mimics the structure of such systems by distributing computations to small and simple processing units, called artificial neurons, which are interconnected to form an artificial network. ANNs have been highly competent approximators of complex functions and have shown advantages over general linear models in predictive ability. 4, 5) Statistical methods and in particular the analysis of means (ANOM) and analysis of variance (ANOVA) methods can help to interpret the predicted data set by a well-designed ANN. ANOM and ANOVA tests are based on the principle of linear super-position. The ANOM procedure calculates the main effect of each independent parameter on the objective function (Here, the CCL performance). The ANOVA method quantifies this effect and also calculates the values of interaction effects. Generally, the so-called term interaction implies that the effect produced by changing one independent parameter on the objective function depends on the level of other independent variable(s). Further information regarding the mathematical treatment of these methods can be found in our previous work. 6) Our proposed computational approach is employed for modeling, predicting, and analyzing the CCL performance as modeled by a pseudo-homogeneous film technique. We especially focus on the parametric study of a variety of influencing structural parameters on the activation overpotential of the CCL. The activation overpotential at a given current density is in principle at its minimum point for an ideal CCL.
The remainder of this paper is organized into the following sections: Computational details involving the CCL model and ANN design, results and discussion, and finally conclusions.
Computational Details

CCL model
Here, a pseudo-homogeneous film approach is used to model transport phenomena in the CCL of a PEM fuel cell within a medium range of current densities. The schematic diagram of the CCL model is shown in Fig. 1 . As can be seen, the CCL model includes four different parts: Catalyst phase consisting of the platinum and carbon particles, membrane phase, solid gas diffusion layer (GDL) phase, and finally void spaces. Hydrogen molecules are split into the electrons and protons at the anode catalyst layer of the PEM fuel cell. The electrons are conducted through an external circuit and solid GDL phase toward the CCL, while the protons go through the membrane phase to reach the CCL. Oxygen molecules diffuse through void spaces in the GDL and/or through the membrane phase to reach the CCL. All these reacting species (i.e., electrons, protons, and oxygen molecules) react on the catalyst particles as follows:
In order to derive the governing equations for the CCL model, the following assumptions are considered: (1) The described model is one-dimensional. ( 2) The system is as steady state conditions. (3) As can be observed in Fig. 1 , the GDL and membrane phases can penetrate into the CCL. The transport of oxygen molecules within the CCL model is described according to the Fick law of diffusion as follows:
where C O 2 is the oxygen concentration, z is the dimension of the system, i is the protonic current density, I stands for the is the effective oxygen diffusion coefficient. Note that since the void spaces are considered to be thoroughly occupied by water, the Fick's law of diffusion governs the oxygen diffusion through this medium.
The electrochemical reaction rate is calculated using the Butler-Volmer equation as follows:
where a is the specific area that takes into consideration the roughness of the reaction sites, i 0 is the exchange current density as determined experimentally for smooth surface reaction sites, c and a denote the cathodic and anodic transfer coefficients, respectively, R is the universal gas constant (R ¼ 8:314 J K À1 mol À1 ), T is the temperature, and act is the activation overpotential. The activation overpotential within the CCL due to ohmic losses of protonic resistance in the membrane phase and electrical resistance in the solid GDL phase is formulated as follows:
where eff is the effective protonic conductivity and eff is the effective electronic conductivity.
The above equations (i.e., eqs. (2) to (4)) are extended to relate the CCL performance as measured by the activation overpotential ( act ) to the structural parameters of the CCL, namely, platinum and carbon mass loadings (i.e., m pt and m c , respectively), membrane and GDL volume fractions in the CCL (i.e., L m,c and L g,c , respectively), GDL porosity (" g ), and CCL thickness (l c ) as reported in the previous work.
9) The resulting equations are solved using the shooting algorithm as implemented in the MATLAB software package. 10) We should say that all underlying structural parameters (i.e., m pt , m c , L m,c , L g,c , " g , and l c ) change at three levels as reported in Table 1 . Therefore, the total number of equations would be 729. The boundary and base set conditions to solve the equations are also given in our previous work. 9) It is worthy to note that a good agreement between the CCL model presented here with the experimental observations 11) as well as the computational fluid dynamics simulations 12) in terms of polarization curves (i.e., voltage versus current) has been achieved.
9)
ANN design
In this investigation, we employ a feed-forward neural network trained by the back-propagation algorithm having one hidden layer 13) since it has been proven that such neural networks with sigmoid transfer functions in the hidden layer and linear ones in the output layer are universal approximators for any analytic functions.
14) The input layer of the network includes m pt , m c , L m,c , L g,c , " g , and l c , while the output layer of the network is set to produce act . Figure 2 illustrates the schematic diagram of such a network. The next step is determination of the architecture of the network, namely, optimum number of neurons in the hidden layer and the transfer function of this layer being as detailed below.
All computed data points using the numerical simulations, are divided into two groups: a training data set and a test data set, following a 10 : 1 ratio. The total number of data points is 729. A linear transfer function is used in the output layer of network, which produces the activation overpotential. The output of a linear transfer function is equal to its input. The root mean squared error (RMSE) is used in order to assess the accuracy of the actual output in comparison with the one predicted by the trained network. Indeed, this statistical parameter (i.e., RMSE) does measure the correlation between the target values (i.e., the activation overpotential values resulting from the numerical simulations) and the corresponding values predicted by the trained network. Imagine that a data set has values y i each of which has a corresponding value f i . Here, the values y i are called the observed values and the values f i denote the predicted values. RMSE is defined as follows:
where m is the number of the observed or predicted values. Note that for a perfect correlation, RMSE should be 0. Several neural networks are created, trained, and tested. Finally, an ANN with 9 neurons in its hidden layer having a log-sigmoid transfer function in this layer is found to have the minimum RMSE value (i.e., RMSE less than 0.001 V for the test data set). The log-sigmoid transfer function has the general form:
where n is the input of the function. Figure 3 shows a comparison between the activation overpotentials predicted by the ANN method and the corresponding activation overpotentials computed by the numerical simulation for the test data set. For a perfect correlation, all data points should fall on the 45 degrees line shown in this Figure. The average RMSE is 7:20 Â 10 À4 V for the test data set indicating that the proposed ANN has superior performance in modeling and predicting the activation overpotential as a function of m pt , m c , L m,c , L g,c , " g , and l c , which have been derived by the numerical simulations.
Results and Discussion
Our well-designed ANN is able to learn and therefore generalize. This means that it can provide essentially exact results for unseen data points. This property comes from this fact that our designed ANN performs very well against the test data set, which are not encountered with the ANN during the training procedure. The generalization ability of the designed ANN in this work is used to obtain new data points, which are not reported by the numerical simulations. In particular, we increase the number of levels for L m,c and l c to five. The new levels for these parameters vary between 10 to 50 with the increment 10. Therefore, the total number of new data points would be 1296. Note that the activation overpotential for 729 of 1296 data points has already been calculated by the numerical simulation. The current numerical calculations are time consuming compared to the predictions by the designed ANN. The time required for a numerical simulation to produce the output values (i.e., activation overpotentials) is 10 min. on a PC with a clock speed of 2.93 GHz. However, the time needed for the designed ANN is less than 2 min. on the same PC. As a result, the use of the ANN approach leads to a significant reduction of the computational time and consequently cost. The massively parallel-distributed structure of the neural networks leads to this fact that a designed ANN can process a piece of information at very high speed. Each neuron in the ANN is a processing element similar to a Boolean logical unit in a conventional computer chip, except that a neuron function is programmable. Computations tasks in the ANNs are mainly matrix ones, and the parallel structure of the interconnection between neurons facilitates such calculations. This characteristic has been inspired by the performance of a biological neuron in response to an external stimulus. In addition, a well-designed ANN can tolerate a considerable large amount of the statistical errors, which can be existed in the numerical simulations and/or experimental values since it is able to extract general rules for a given problem. Such a property of the neural networks would be an asset since we always encounter such errors either in the numerical simulations due to some unrealistic assumptions or in the experiments since the reproducibility of the reported experimental values is not always very good. However, the ANN models do not provide us any analytical basis for the underlying problems labeling them as the black box. In order to circumvent this difficulty, statistical methods (i.e., ANOM and ANOVA approaches) are employed. The obtained results are illustrated in Table 2 and Fig. 4 and discussed below. An increase in m pt has two competing effects as to increase the accessible reaction surface area for the oxygen reduction and to decrease the porosity and therefore lower D . The last effect tends to increase the activation overpotential, while the former one decreases the activation overpotential. The net result is a decrease in the activation overpotential as we add up the platinum mass loading as shown in Fig. 4(a) .
The main effect of increasing m c is to reduce the porosity and consequently lower D . This change leads to a higher activation overpotential (See Fig. 4(b) ). L m,c has more influence on the activation overpotential compared to L g,c . Indeed, this parameter has two opposing effects on the oxygen reduction reaction occurring in the CCL as to decrease D eff o 2 for the oxygen molecules and to increase the effective protonic conductivity (i.e., eff ). However, as we increase the amount of this parameter, the activation overpotential decreases following a slight increase in the activation overpotential (See Fig. 4(c) ).
As a matter of fact, there is no penetration of the GDL into the CCL during the membrane electrode assembly process. However, after the PEM fuel cell is assembled and being employed, the GDL penetrates into the CCL due to a compressive load. As can be observed in Fig. 4(d) , the outcome of such penetration is an increase in the activation overpotential since this parameter restricts the CCL porosity and as a result the activation overpotential increases. From  Fig. 4(e) , it is obvious that the activation overpotential is almost insensitive to the changes in " g . An increase in l c leads to a significant drop in the CCL performance since as we increase this parameter, the diffusion length of oxygen molecules gets longer (Fig. 4(f)) . Now, let us analyze the complete data set provided by the designed ANN with the aid of ANOVA method. F parameter in the ANOVA table (i.e., Table 2 ) is called the variance ratio, which is simply defined as the ratio of the mean square of each independent variable to the mean square of error. Note that a value of F less than one in Table 2 indicates that the effect of the corresponding given independent variable is smaller than the error associated with the linear superposition approximation and therefore can be ignored. On the other hand, a value of F above four generally suggests that the effect of the independent variable is quite significant. As can be seen, the highest F value belongs to the membrane volume fraction in the CCL among the underlying independent variables (i.e., m pt , m c , L m,c , L g,c , " g , and l c ). Therefore, it can be concluded that the membrane volume fraction in the CCL is the parameter having the greatest impact on the activation overpotential. Based on this methodology, it is feasible to rank the effectiveness of all independent variables as follows:
, and finally (6) " g . Notice that the effect of " g on the activation overpotential is not significant since this parameter provides the F value less than 1. This finding is valid for all combined parameters as well. The significance level in the ANOVA analysis is 95% implying that the obtained results are correct with a probability larger than 0.95. The performance of a PEM fuel cell is a function of many parameters such as temperature, pressure, CCL structure and so on. In order to design new PEM fuel cells and to improve the existing PEM fuel cells, it is essential to understand these parametric effects on the performance of the PEM fuel cells. Even though, various systematic experimental and computational studies in this area have been done, [15] [16] [17] [18] there are limited to evaluate the effects of a few variables on the PEM fuel cell performance. In addition, under some circumstances, there is impossible to attain the required data set to assess the PEM fuel cell performance due to either the extreme difficulty in doing the corresponding experiments or the lack of solution for the corresponding computational models. Therefore, there is a need to propose an effective computational approach to model such relatively large data sets obtained by the parametric studies and to predict those data points, which are not provided by either experiments or numerical simulations. The proposed computational approach here (i.e., the ANN approach combined with the statistical methods) provides this invaluable tool for PEM fuel cell developers and helps them to accelerate and better optimize their specific fuel cell designs.
Conclusions
Numerical simulations are performed in order to achieve a structural parametric study of the CCL of PEM fuel cells. The ANN approach along with statistical methods are then used to model and analyze the numerically obtained data set. The ANN method has high accuracy in mimicking the results of such simulations. The goal of this investigation is to understand the effects of platinum mass loading, carbon mass loading, GDL volume fraction in the CCL, CCL thickness, GDL porosity, and membrane volume fraction in the CCL. We found that an increase in the platinum mass loading causes a decrease in the activation overpotential. The main effects of increasing the carbon mass loading, GDL volume fraction in the CCL, and CCL thickness are that they increase the activation overpotential. GDL porosity has almost no effect on the CCL performance while the CCL performance has a quadratic behavior with respect to the membrane volume fraction in the CCL. The ANOVA method shows L m,c and l c influence the activation overpotential more than all other parameters. In addition, it is revealed that the combined effects of these parameters (i.e., platinum mass loading/carbon mass loading, membrane volume fraction in the CCL/GDL volume fraction in the CCL, and GDL porosity/CCL thickness interaction parameters) on the CCL performance are negligible.
